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Abstract—Observations of ultra-high energy neutrinos became
a priority in experimental astroparticle physics. Up to now,
the Pierre Auger Observatory did not find any candidate on
a neutrino event. This imposes competitive limits to the diffuse
flux of ultra-high energy neutrinos in the EeV range and above.

The prototype Front-End boards for Auger-Beyond-2015 with
Cyclone® V E can test the neural network algorithm in real
pampas conditions in 2015. Showers for muon and tau neutrino
initiating particles on various altitudes, angles and energies were
simulated in CORSIKA and OffLine platforms giving pattern of
ADC traces in Auger water Cherenkov detectors. The 3-layer
12-10-1 neural network was taught in MATLAB by simulated
ADC traces according the Levenberg - Marquardt algorithm.
New sophisticated trigger implemented in Cyclone® V E FPGAs
with large amount of DSP blocks, embedded memory running
with 120 - 160 MHz sampling may support to discover neutrino
events in the Pierre Auger Observatory.

I. INTRODUCTION

BSERVATION of ultrahigh energy cosmic rays

(UHECR) of energy 1—100 EeV (10'8 — 1020 eV)
has stimulated much experimental as well as theoretical
activity in the field of astro-particle Physics [1]. Although
many mysteries remain to be solved, such as the origin of
the UHECRs, their production mechanism and composition,
we know that it is very difficult to produce these energetic
particles without associated fluxes of ultrahigh energy
neutrinos (UHEws) [2]. In the "bottom-up" scenarios, protons
and nuclei are accelerated in astrophysical shocks, while
pions are produced by cosmic ray interactions with matter
or radiation at the source [3]. In the "top-down" models,
protons and neutrons are produced from quark and gluon
fragmentation with a production of much more pions
than nucleons [4]. Furthermore, protons and nuclei also
produce pions due to the Greisen-Zatsepin-Kuzmin (GZK)
cutoff [5]. The ultrahigh energy cosmic rays (UHECR) flux
above ~5x10' eV is significantly suppressed according
to expectations based on the UHECRSs interaction of with
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the cosmic microwave background (CMB) radiation [6]. For
primary protons, the photo-pion production is responsible
for the GZK effect, thus UHEwvs are produced from decayed
charged pions. However, their fluxes are doubtful [4] and if
the primaries are heavy nuclei, the UHEvs should be strongly
suppressed [7].

Neutrinos can show directly sources of their production
due to no deflection by magnetic fields. Unlike photons they
travel inviolate from the sources carrying an impression of
the production model. UHEvs can be detected with arrays
of detectors at ground level that are currently being used to
measure extensive showers produced by cosmic rays [8]. The
main challenge is an extraction from the background, induced
by regular cosmic rays, showers initiated by neutrinos. Due
to a very small neutrino cross-section for interactions, higher
probability of a detection is at high zenith angles [9] due to
a bigger atmosphere slant depth provides thicker target for
neutrino interactions. Inclined showers starting a development
deeply in the atmosphere can be a signature of neutrino events.

II. TRIGGERS

Each water Cherenkov detector of the surface array has a
10 m? water surface area and 1.2 m water depth, with three
9-inch photomultiplier tubes (PMTs) looking through optical
coupling material into the water volume, which is contained
in a Tyvek reflective liner. Each PMT provides signals, which
are digitized by 40 MHz 10-bit Analog to Digital Converters
(ADCs).

Triggers are generated for signals above amplitude thresh-
olds. The trigger for the surface detector array is hierarchical.
Two levels of trigger (called T1 and T2) are formed at each
detector. T2 triggers are combined with those from other
detectors and examined for spatial and temporal correlations,
leading to an array trigger (T3). The T3 trigger initiates data
acquisition and storage. Two independent trigger modes are
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implemented as T1. The Ist T1 mode is a simple threshold
trigger (TH) which requires the coincidence of the three PMTs
each above 1.75 I ‘p,eg]’f/[ The Vertical Equivalent Muon (VEM)
is a unit used for a calibration corresponding to ~50 ADC-
units for 40 MHz sampling frequency. This trigger is used
to select large signals that are rather concentrated in time.
The 2nd mode is designated the "Time-over-Threshold" trigger
(ToT) and at least 13 time-bins in 120 ADC bins of a sliding
window of 3 us are required to be above a threshold of 0.2
I{}e;ﬁ/] in coincidence in 2 out of 3 PMTs. This trigger is
intended to select sequences of small signals spread in time.
From the point of view of short pulses characteristic for very
inclined "old" showers as well as for relatively short signals
for inclined "young showers the ToT trigger is useless.

FPGAs currently used in the Pierre Auger surface detectors
analyze signal amplitudes in a time domain. Much higher
efficiency can provide spectral triggers based i.e. on Discrete
Cosine Transform [10] [11] [12]. Triggers based on an ar-
tificial neuron networks is an alternative approach focusing
on specific patterns of ADC traces registered in Pierre Auger
water Cherenkov detectors [13].

ITII. ADC TRACES ANALYSIS

With the SD of the Pierre Auger Observatory we can detect
and identify UHE neutrinos in the EeV range and above [14].
Due to much larger cross-section than neutrinos, the 1st in-
teraction for protons, heavier nuclei and even photons usually
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The Front-End Board developed for the Auger-Beyond-2015 upgrade design used also for the ANN algorithm tests.

appears shortly after entering the atmosphere. However, neutri-
nos can generate showers initiated deeply into the atmosphere.
Vertical showers initiated by protons or heavy nuclei have
a considerable amount of electromagnetic component at the
ground ("young" shower front). However, at high zenith angles
(@ > 75) (thicker than about three vertical atmospheres),
UHECRSs interacting high in the atmosphere generate shower
fronts dominated by muons at ground ("old" shower front),
which generate narrow signals (short ADC traces) spreading
over typically tens of nano-seconds in practically all the
stations of the event. These traces can be recognized with
16-point DCT algorithm as well as with 16-point input AAN.

Calculations show [15] that "young" showers are spread in
time over hundreds of nano-seconds. For the "old" showers
practically only the muonic components survives. It gives
a short bump in the SD. The "young" showers contains
also some electromagnetic component, which enlarge in time
an ADC traces. However, muonic components of "young"
showers is ahead of the electromagnetic one and gives an
early bump. The rising edge of the bump is not so sharp as
for the "old" ones, but the signal next is also relatively fast
attenuated, till the electromagnetic component starts to give its
own contribution. The ANN approach can focus on the early
bump, to select traces potentially generated by neutrinos.

On the other hand, independent simulations of showers
in CORSIKA [16] an next calculation of water Cherenkov
detectors (WCDs) response in OffLine package [17] showed
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TABLE I
DISTANCES FROM THE PLACE OF THE FIRST INTERACTION TO DETECTOR
FOR PROTONS AND MUON NEUTRINOS IN DEPENDENCE OF ZENITH ANGLE.
ALL THE DISTANCES ARE IN g/cmz. BECAUSE OF THE GEOMETRY NOT
ALL THE DISTANCES ARE AVAILABLE FROM EVERY ANGLE.

[

[ 500 | 1000 [ 2000 | 3000 | 4000 | 5000 | 10000 |

80° [ p + + +

80° | v + + + + +

85° | p + + + +

85° | v + + + + + +

89° | p + + + + +
89° | v + + + + + + +

that for neutrino showers (initiated either by v, or v;) for
relatively big zenith angle (i.e. 70°) and low altitude (9 km)
(to be treated as "young" showers before a maximum of
development) give relatively short ADC traces and they can
be analyzed also by 16-point pattern engines [13].

IV. CORSIKA AND OFFLINE CALCULATIONS

The main motivation of an ANN implementation as a
shower trigger is a fact that up to now the entire array did not
registered any neutrino-induced event. The probably reasons
are: a) a very low stream of neutrinos and b) amplitudes of
ADC-traces are small and probably are below of threshold of
standard 3-fold coincidence trigger. The main idea was to use
ANN approach as a pattern recognition technique.

The input data for the ANN are simulated traces of protons
and muon neutrinos, which hit the atmosphere in high zenith
angles - 80°, 85° and 89°, respectively. The chosen energies
of primary particles are 3 x 10%, 10°, 3 x 10° and 10'°
GeV, respectively. The distances from the place of the first
interaction to the detector used for simulations are dependent
of the angle and the type of particle (Table I). We decided not
to simulate protons which are very close to detector, because
the probability that proton will not interact on long way to
detector is very low. Additionally, traces produced by this kind
of interactions may include also electromagnetic part of the
shower. These traces would look completely different than the
rest and may significantly decrease the efficiency of the ANN.

There are 120 different categories. These categories are
used as input by the CORSIKA simulation platform. The
CORSIKA program simulates the cosmic ray shower initiated
by the specific particle. The result of this simulation is
distribution of the position and energies of the particles on
the level of the detector. Simulations are relatively fast. All
of the 120 categories had been simulated in a week. The
simulated cosmic ray showers are the input for the OffLine
package, which provides a response of the water Cherenkov
detector and generates the ADC traces (signal waveforms).
These simulations are very time consuming. As a result we
got simulated traces from the photo-multipliers, as if they were
triggered by standard T1 trigger. We have proven that 16-point
input is sufficient for the ANN pattern recognition [13]. The
next step was to find in the 16-point trace, which corresponds
to triggered events. To clearly see the beginning of the event
we decided that two first points should be on the pedestal level.

Afterwards we subtracted the pedestal level from all used data.
These extracted points we could finally use for training and
testing our neural network.

For a training procedure, we decided to use half of the data
available for the testing procedure. We arrange data, to have
proton and neutrino traces alternately. The proton traces were
treated as negative signals ("0" for the ANN) and the neutrino
traces were treated as positive ones ("1" for the ANN). This
step allowed the ANN to teach faster and get less errors while
training. The testing procedure consists on assigning specific
value to the trace. This value depends on the coefficients of
the trained ANN. If the value is greater than the threshold,
the trace is treated as a neutrino trace, otherwise it is treated
as a proton trace. The efficiency of the neutrino recognition
with specific threshold level can be defined as number of
neutrino traces recognized correctly divided by the number
of all neutrino traces. The proton mistakes level is defined as
number of proton traces treated as neutrino traces divided by
the number of all proton traces.

The testing procedure was divided into two stages. First, we
wanted to find out if we could use the data from the specific
category to distinguish muon neutrinos and protons for all the
angles or all the energies. Simulated data contains only three
different angles: 80°, 85° and 89°, respectively, but we do not
expect the zenith angle of the particle would be exactly like
them. If the ANN trained on the specific category with angle
85° can distinguish neutrinos and protons also for 89° and 80°
with acceptable efficiency, we assumed it could distinguish
protons and neutrinos also for full angle range: 80° - 89°.
The same is for energies. The ANN had been also trained
by the data of the specific energy and then it was tested on
the other values of the chosen parameter. The second step of
the testing procedure consisted on training the ANN by the
randomly taken data from all categories. In this case we used
30% of the whole data for training the ANN. The result from
this step should be better than in previous one, because the
data used for teaching was taken from the wider set of data.

The efficiency of the ANN strongly depends on the data
used for training. The positive and negative signals should be
as different as possible, to increase the distinction of proton
and neutrino traces. Our first results (Fig. 9 continuous line)
shows, that ANN does not work properly. There was no
separation between protons and neutrinos. When we looked
at the data we used for teaching the ANN, we found that
some of the neutrino and proton traces looked very similar
to each other. Moreover the simulated traces produced by
neutrino shower with various distances to the detector, but
with the same energy and angle was diametrically different.
The same effect we observed in the other angles and energies
(Fig. 2) and in the traces produced by protons (Fig. 7). This
effect is directly connected with the electromagnetic (EM)
part of the shower. If the distance to the detector is short,
the EM part of the shower gives second component in the
traces, additional to standard muonic one. At high zenith
angles the proton showers should not have the EM component,
because it should disappear after 2000 - 3000 g/cm?2. Old
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Fig. 2. Plots contain averaged neutrino signal waveforms (ADC traces) for various angles, energies and initialization points. The exponents of the traces at
distances 500 and 1000 g/cm? are different than on the rest of distances. This effect does not depends on the energy and slightly depends on the angle.

neutrino showers looked like old proton neutrino showers,

was still visible. We also decided to remove proton showers

so we decided to separate the data and focus on recognizing with visible EM component, because traces they generated

only the young neutrino showers, where the EM component

looked similar to traces generated by young neutrino showers.
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Moreover, for this showers the probability to occur on this
angles was low. The data we decided to keep were all neutrino
traces with distances 500 and 1000 g/cm? and all proton traces
with two maximal distances for each angle. Fig. 5 shows the
average traces for data at 80° after the separation. Neutrino
and proton traces have completely different shapes and it
would be easier to recognize the neutrino traces when ANN is
learned and tested on this data. Fig. 6 shows the histogram of
the average exponents of rejected and accepted proton and
neutrino categories. We can observe that the exponents of
the rejected neutrino categories corresponds with exponents
of the accepted proton categories. This was probably the main
reason of low distinction of protons and neutrinos by ANN.
Additionally, average exponents of the accepted proton and
neutrino categories are separated.

V. MATLAB ANALYSIS

On Fig. 8a we can see how the angular efficiency behaves.
In the case, when the ANN was tested on all categories, the
ANN was learned using the specific category with parameters:
angle 85°, energy 3x 10'8 eV, distance to detector 2000 g/cm?

=10fx]

J Neural Network Training (nntraintool)

Neural Network

Algorithms

Training:

Levenberg-Marquardt (trainim)
Performance: Mean Squared Error

(mse)

Derivative: Default (defaultderiv)

Fig. 3. An example of the ANN structure used for an optimization in Neutral
Network Training of the MATLAB toolbox.

.} Neural Network Training Performance (plotperform), Epoch: iy EIILI
Fle Edit View Insert Tools Desktop Window Help o
Best Training Performance is 0.0036525 at epoch 200 (trainim)
10° !
Train |:
***** Best

Mean Squared Error {mse)

________________ O
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200 Epochs

Fig. 4. Training performance for the 3-layer network 12-10-1
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Fig. 5. The plot showing the differences between the traces produced by old
proton showers (dashed line) and young neutrino showers (continuous line).

both for protons and neutrinos. The separated case used 80°,
3x 108 eV and 500 g/cm? as positive signals (neutrinos) and
80°, 3x 1018 eV and 4000 g/cm? as negative signals (protons).
For the case, which use all categories for tests, the efficiency
seems to be independent of the angle. The case, which use only
traces produced by young neutrino and old proton showers
("separated" case) shows the efficiency changes slightly, when
we change the angle. On Fig. 8b we can see that in both cases
the efficiency of the ANN is independent of the energy (in the
used energy range). Fig. 9 shows the comparison between both
cases. The ANN tested on non-separated traces has problems
with distinguishing the proton and neutrinos on every level of
the threshold. The effectiveness of finding neutrino traces and
the level of proton mistakes differs only slightly. The second
ANN, tested on the separated traces, can recognize protons
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and neutrinos with acceptable efficiency. The proton mistakes
level is much lower than efficiency of finding the neutrino
traces, moreover the efficiency of finding neutrino traces is
higher than in the previous case. Finally, Fig. 10 shows the
difference of the non-separated and separated cases, when the
data taken for training the ANN was taken randomly from
all traces, appropriate for specific case. We can see that, the
distinguishing the proton and neutrino traces increased in both
cases, but the recognition of the neutrinos and protons is much
better when we teach the ANN with the data from separated
traces. In this case the neutrino efficiency to proton mistakes
level ratio is greater than two, when in the other case this ratio
is on the level of 1.3. This ratio is very important, because it
shows if the ANN works or not. The ratio on the level of
one means the ANN does not work, because the neutrino to
proton traces quotient is the same as in the whole data. The
data triggered as neutrino would be processed off-line in next
steps. Lower level of proton mistakes and greater efficiency
of recognizing neutrino traces means that amount of data to
process off-line would be smaller, but neutrino traces would
appear more frequently in it.

VI. FPGA IMPLEMENTATION

A 16-input neuron for 14-bit data and 14-bit coefficients is
shown on Fig. 11. An neuron output drives a neural transfer
function - a tansig, which calculates a layer output from its
net input. It can be implemented as ROM in embedded FPGA
memory. We selected 14-bit input, 14-bit-output tansig imple-
mentation in RAM: a 2-port function with blocked writing left
port to keep a reasonable compromise between a calculation
accuracy and a memory size. The same array of coefficients
is used for two independent neuron transfer functions.

The 12-10-1 network (Fig. 3) offers the best performance
(Fig. 4) with a minimal resource occupancy, however, it
requires 23 neurons. Due to the limited amount of DSP
blocks, we could use this network for a single PMT only. The
Quartus compiler allows a compilation with arbitrarily selected
implementations of the multipliers: either in the DSP blocks or
in logic elements only. An implementation of the multipliers in
the Adaptive Logic Modules (ALMs) is much more resource-
consuming (1247 ALMs instead of 107 ALMs + 8 DSP
blocks). However, such a selection allows the implementation
of a more complicated network, which provides a similar
registered performance (keeps approximately the same speed).
The 3-channel 12-10-1 network needs 36 neurons (1st layer
implemented in the DSP blocks) + 33 neurons implemented
in 41151 ALMs (36.5% of SCEFA9F3117).

VII. CONCLUSION

We run CORSIKA simulation for proton, iron, v, and v,
primaries. Output data collected on 1450 m (the level of the
Pierre Auger Observatory) was an input for OffLine providing
the ADCs response in the WCDs. Obtained ADC traces were
thus used to teach the 12-10-1 neural network implemented
already in the SCEFA7F3117 FPGA on the Cyclone® V
development kit. This FPGA is smaller version of the chip
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Fig. 6. A histogram of exponents of rejected and accepted traces for protons
and neutrinos. The accepted neutrino traces exponents are separated from
the accepted proton traces exponents. The rejected neutrino traces looks very
similar like traces made by old proton showers. This may cause problems
with ANN training and may increase the level of the proton traces recognized
as neutrino traces by ANN.
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Fig. 7. Plots showing average traces for protons for different distances. As in Fig. 2 the shortest distances have different exponents than the rest.
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Fig. 8. The angular dependency of a neutrino efficiency as a function of a
threshold level for angles (top) and energies (bottom). The continuous lines
denote the data for testing were gathered from all traces. The dashed lines
represent the case with separated traces.

being designed for the Front-End Board for Auger-Beyond-
2015 task.

Preliminary results show that the ANN algorithm can detect
neutrino events currently neglected by the standard Auger
triggers.

The recognition efficiency of the neutrino traces by the ANN
algorithm strongly depends on the differences between the data
used for the ANN training. If we teach the ANN with the
data containing only traces produced by young neutrino and
old proton cosmic air showers we can reach the acceptable

Fig. 9. The efficiency of the neutrinos recognition and proton mistakes level
in function of threshold level for the non-separated (continuous lines) and
separated traces (dashed lines) used for testing the ANN. The data taken for
training are the same as in the Fig 8.

Efficiency
1

09
N
0,8 o
07 >
N
06 S

0,5 = —

0,4 ==

0,3

0,2

0,1
0

neutrinos

protons

neutrinos

S

= = protons

o1 02 03 04 05 06 07 08 09
threshold level

Fig. 10. The efficiency of the neutrino traces recognition and proton mistakes
level in function of threshold level for the non-separated (continuous line) and
separated traces (dashed line) used for testing the ANN. The traces used for
training the ANN were randomly taken from all categories of non-separated
or separated traces respectively.

level of recognition. Moreover, we can distinguish protons and
neutrinos, which means the ANN works on very promising
level.
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Fig. 11. An internal structure of an FPGA neuron.
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